As a new type of secondary battery, lithium-ion battery is widely used in the aerospace industry with the advantages of long lifetime, high energy density and low pollution, etc. In this paper, we focus on the problem of offline and online life prediction for satellite lithium-ion batteries. Firstly, based on the NASA laboratory battery dataset, a Wiener process with time-scale transformation is used to capture battery capacity fading, and then the battery reliability point and interval estimation equation are derived, respectively. Secondly, by analyzing the charge and discharge profiles of the batteries in orbit environments, an accurate capacity prediction model is proposed based on the partial charging curves. Finally, the Bayesian framework is used to perform capacity degradation model online updating, and the analytical expression of residual life distribution is derived to achieve RL prediction for in-orbit satellite lithium-ion batteries.
Introduction
As a promising secondary battery, lithium-ion battery develops rapidly in recent ten years and has been widely used in digital electronics (mobile phone, camera, laptop, tablet PC, etc.), electric vehicles, and grid energy storage systems [1] . Researches show that lithium-ion battery is significantly superior to other traditional batteries in energy density, cycle life, self-discharge rate, memory effect, and being environment friendly [2] . These advantages make lithium-ion battery gain continuous attentions from aerospace engineers. Since the birth of satellite, its energy storage system (ESS) has developed three generations. The first and second generations of ESS use cadmium-nickel and nickel-hydrogen batteries, respectively, which weigh 40% and 20% of the total weight of a satellite. By comparison, the third-generation ESS adopts lithium-ion batteries as energy intermediate storage, whose energy density can reach 2 to 4 times that of old generation batteries. Some microsatellites, for example, the STRV-1d Compared with the applications on the ground, aerospace products put forward higher requirement in reliability and safety. Generally, failure of batteries will affect the normal operation of satellite loadings and even lead to catastrophic accidents. For example, batteries accidental failure resulted in the halting problem of the Mars Global Surveyor in 2006 [3] and Boeing 787 in 2013 [4] . Therefore, the techniques of life prediction play an increasingly significant role in satellite lithium-ion batteries.
According to a new product's development stage, life prediction can be divided into offline prediction and online prediction. Offline prediction mainly occurs in the stage of battery design and manufacture, which focuses on the problem of reliability evaluation for the population of a given type battery. By comparison, online prediction concerns more about the issue of residual life (RL) prediction for an individual battery in operation environments [5, 6] . Here, 2 Mathematical Problems in Engineering the RL of a lithium-ion battery refers to the length of cycle time from present to the end of life (EOL) in orbit. For the long lifetime and highly reliable products, researchers often perform life prediction based on the degradation data instead of failure time data, which are quite scarce in practical applications.
In the literature, the capacity induced by the chargedischarge cycle is a suitable feature to characterize battery degeneration. Numerous studies of lithium-ion battery life prediction are transformed to the issue of capacity degradation modeling and first hitting time assessment. Jin et al. [7] presented a framework of lithium-ion battery capacity degradation assessment and RL prediction based on the techniques of Wiener process and particle filtering. Xing et al. [8] used an ensemble regression model to capture lithium-ion battery capacity fading and then realized the remaining useful performance prediction. Saha et al. [9] studied the characteristics of lithium-ion battery capacity variation over time, and an empirical degradation model under the framework of Bayesian is utilized to perform RL prediction. Nuhic et al. [10] provided a support vector machine (SVM) based approach on lithium-ion battery state of health (SOH) forecasting and RL reliable prediction.
One thing these researches all have in common is that the capacity is used as the health indicator for data modeling and inferring. Conventionally, the capacity of secondary battery can be accurately measured in a complete chargedischarge cycle, which can be performed conveniently in the laboratory. However, for the online case (like the inorbit environments), it is very difficult to perform capacity measurement and monitoring [11] . The reasons mainly are twofold: (a) A complete charge/discharge cycle consumes several hours and may affect the normal operation of satellite loadings. Although high current rate can shorten the testing time, it will lead to serious capacity underestimation and battery aging acceleration; (b) deep discharge will cause permanent damage to a lithium-ion battery and shorten its operation time. Some studies attempt to use other online available features, such as impedance, temperature, or parameters in the current/voltage curves as battery health indicator, but the prediction effects are less effective than capacity. For example, Saha et al. [12] proposed a battery health monitoring and prognostics approach based on two types of impedance. However, the features must be extracted by the electrochemical impedance spectroscopy (EIS) equipment, which is space consuming and not suitable installed in a satellite. Liu et al. [11] and Feng et al. [13] extracted two features, the time-to-voltage-saturation (TVS) and the timeto-current-saturation (TCS), from the charging curves to perform residual life prediction. But this method needs the full charging curve in each cycle which is also difficult to acquire in orbits.
In a word, capacity is still the most reliable feature in lithium-ion battery life prediction. To perform in-orbit health prognostics, an accurate capacity prediction model should be developed firstly. In this paper, a framework of online and offline life prediction for satellite lithium-ion batteries was studied. Considering the characteristics of randomness and nonlinearity in capacity fading, a Wiener stochastic process with time-transformation was used to model battery performance degradation with offline data. With a specified threshold, both the point estimate and confidence intervals (CIs) of the reliability function and life indices were derived. In online stage, we firstly analyzed the charge/discharge profiles of a battery in orbit and then developed an empirical stepwise regression model for capacity accurate prediction. With the predicted capacity, a Bayesian method is developed subsequently to realize model parameter updating and RL prediction, which can ensure the prediction accuracy considering battery item-to-item heterogeneity.
The remainder of this paper is organized as follows. Section 2 gives the methods of offline capacity fading modeling and reliability evaluation. Section 3 proposes the approach of online capacity prediction for in-orbit satellite batteries. In Section 4, a Bayesian based in-orbit residual life prediction model is established. Finally, Section 5 concludes this paper.
Offline Capacity Fading Modeling and Reliability Evaluation
. . Experimental Data and Failure Mechanisms Analysis. The dataset in this paper is supplied by the Prognostics Center of Excellence (PCoE) in NASA Ames Research Center [14] . To study the performance degradation and health prognostic methods of lithium-ion batteries for satellite usage, four 18650 cylindrical commercial lithium-ion cells, indexed as B0005, B0006, B0007, and B0018, were tested in this center. The rated capacity, charge cut-off voltage, and discharge cut-off voltage of these batteries are 2Ah, 4.2V, and 2.7V, respectively. Although these samples are selected from the same population, the randomness in materials and manufactures makes them show some heterogeneity in performance and lifetime.
A standard constant current/voltage (CC-CV) charge and constant current (CC) discharge regime is adopted in the test. The testing temperature is controlled at 25 Celsius by a temperature chamber to simulate in-orbit conditions. The steps of CC-CV and CC regime in one cycle are as follows: The tests are terminated after 166 cycles on B0005, B0006, B0007, and 131 cycles on B0018.
Figures 1 and 2 illustrate the variations of voltage and current curves of B0005 as cycle number increases. As the testing proceeds, battery performance degrades gradually. In the charge phase, the CC charging time decreases while the CV charging time increases. In other words, the voltage of a used battery rises faster than a new one in the CC charging, and the current of a new battery drops faster than an old one in the CV charging. In the CC discharging phase, battery aging leads to an apparent decrease of discharge duration under constant current, indicating that a fully charged battery supplies less energy for the loadings.
Theoretically, there are various feature parameters reflecting a battery's health status. In the literature, capacity is most frequently used to determine lithium-ion batteries' endof-life (EOL) and further perform degradation modeling and lifetime prediction. In laboratory conditions, battery capacity can be easily acquired by the Ampere-hour integral method. By comparison, other features (such as impedance, temperature, or voltage platform) are quite susceptible to the external factors (like loading current, DOD, SOC, etc.), and measuring them accurately is a relatively intractable work. As Figure 3 shows, a battery's capacity can be measured by fully charging it and integrating the charging current ( 1 ), or fully discharging it and integrating the discharge current ( 2 ). Here, fully charging (or discharging) corresponds to the variation of state-of-charge (SOC) from 0 to 100% (or 100% to 0). Since the two ways yield close results in each cycle, for the rest of this paper no differentiation between 1 and 2 is made.
The capacity degradation during the test for the four batteries is shown in Figure 4 . The y-axis "capacity loss" is scaled by dividing the degradation increment by the rated value (2Ah). Researches show that the growth of the solid electrolyte interface (SEI) mainly contributes to the capacity fading of lithium-ion batteries. During charge/discharge cycle, the current generates diffusion induced stress inside a battery and triggers cracks on the graphite particles. Consequently, SEI grows at the interface of cathode and electrolyte, which consumes Li + and active materials at the anode and cathode. Besides SEI growth, some other unexpected side reactions, like the oxidation of anode, lithium corrosion on cathode, and electrolyte decomposition, also consume active Li + and result in capacity loss. According to the first principle, the rate of side reactions decreases as aging progresses. As a result, the speed of capacity fading appears first quick back slow trend. Considering the engineering experience in satellite design, a battery is considered to fail when its capacity loss reaches 30%.
. . Capacity Degradation Modeling. Capacity fading is stochastic in nature due to the inherent inconsistency in battery materials, manufactures, and environment changes. As a famous non-monotone stochastic process, the Wiener process is quite suitable to capture capacity variations over cycle number [15] . The standard Wiener process, ( ), can be expressed as follows [16] :
where and denote the drift and diffusion coefficient, respectively, and is time. The standard Brownian Motion has three properties:
Apparently, (1) can only describe the linear degradation process over time. In engineering practice, a time transformation ( ) = is often made to extend the standard Wiener process to the nonlinear applications [17] . Then, (1) can be rewritten as
The concept of first hitting time (FHT) is often used to define the failure time of ( ) subject to a predefined critical value , namely,
In this paper, we use the time-transformation Wiener process ( ) to describe the relationship between "capacity loss" and cycle number . According to the engineering standard, the critical value can be set to be 30%. Then, the probability density function (PDF) of battery cycle life can be derived as [17] 
To obtain the values of unknown model parameters, a maximum likelihood estimate (MLE) method is utilized. Let , be the capacity loss of cell in cycle , = 1, 2, 3, 4 and = 1, 2, ⋅ ⋅ ⋅ , .
is the total cycle number of cell . In this paper, 1 = 2 = 3 = 166 and 4 = 131. Then, let û , = , +1 − , denote the degradation increment between cycles and + 1. According to the properties of Wiener process, we have
where û = ( + 1) − . The problem of parameter estimation can be transformed into maximizing the total log-likelihood function ln ( , 2 , ), namely,
where
On the platform of Matlab 2017(a), the above optimization problem can be solved by the package "fminsearch." The estimators arê= 0.68,̂= 0.75, and̂= 1.60.
. . Battery Offline Reliability Evaluation. Reliability evaluation is an essential task for satellite components with long lifetimes. The reliability of a certain type component can be expressed as a function of time, ( ), which refers to their average normal working probability before . Under the assumption of Wiener model, the reliability function of lithium-ion batteries in the test can be calculated by
Substituting the parameter estimators into (7), we can obtain the reliabilitŷ( ) of this type of battery at any given time. In practice, many satellite designers are also concerned about the confidence intervals (CIs) of reliability indices, especially in the fields of risk evaluation and strategy optimization. Compared with a single point value, CIs contain more information on the description of statistical uncertainty. Motivated by [18] , the reliability CIs of lithiumion batteries can be evaluated by the delta method. The variance of̂can be calculated approximately by
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The elements in vector and the fisher information matrix are given as follows:
Then, it is reasonable to assume that the reliability function ( ) approximately follows the normal distribution (̂( ), var(̂)). Thus, the 100(1 − )% CIs of ( ) can be calculated by
where 1− /2 is the inverse of the standard normal distribution corresponding to quantile 1 − /2. With the above methods, the point evaluation and 85% CIs of the reliability curve of satellite lithium-ion batteries in NASA test are presented in Figure 5 . Besides reliability curves, some indices of interests are needed in satellite design and management. Table 1 gives the predictions of several typical indices defined by (9) and (10). It is noted that the 50 percentile life is also called the median life.
percentile life = { | ( ) = %} .
Battery In-Orbit Capacity Prediction
. . In-Orbit Charge/Discharge Prolife Analysis. In this study, acquiring the "capacity loss" in each cycle is the prerequisite of performing offline prediction. As mentioned above, battery capacity can be measured accurately through the Amperehour integral method, which needs to conduct a complete charge/discharge process. However, the charge/discharge profiles of a battery in orbits are quite different from that under laboratory conditions. As we know, a satellite rotates around Earth, and Earth revolves around the sun. Consequently, a satellite in orbit periodically experiences sunlit period and non-sunlit period, as Figure 6 shows. In the sunlit period, the solar panels on the satellite expand to absorb solar radiation and produce electricity, which is used to power satellite loadings and charge batteries (also in CC-CV regime). In the non-sunlit period, as the solar radiation is blocked by Earth, satellite loadings completely rely on the secondary batteries for power supply. Thus, the charge/discharge profiles in orbit differ from those in laboratory (as Figure 3 shows) in two respects: (1) In CC discharging, both current and depth-of-discharge (DOD) are determined by satellite loadings and always vary in different cycles; (2) in CC charging, the starting point of voltage curve in cycle is determined by the DOD in cycle ( −1). Unlike the CC charing, the CV charging process in orbit and laboratory stays the same. The availability status of battery parameters in orbit is summarized in Table 2 . Due to the lack of full current curves in both charge and discharge, battery capacity cannot be calculated directly through the time integration of current. Fortunately, the partial charging data also contain abundant information on battery health status. In the next subsection, an empirical model for capacity prediction is studied with the incomplete charging data.
. . In-Orbit Capacity Prediction Modeling. To ensure reliability and safety, the DOD of most satellite batteries in one cycle is designed to be less than 40%. As a result, although the starting point of CC charging varies in different cycles, most of them are located in the linear part of the voltage curve. In Figure 7 (a), the circles denote the starting charging points in each cycle. Thus, for in-orbit satellite batteries, the relationship between voltage and time in CC charging can be modeled by a linear function:
Unlike the voltage, the complete current curve in CV charging can be monitored. In a specified cycle, the charging voltage declines over time with a decreasing rate. By analyzing the dataset of NASA, we find that a power function is quite suitable to describe this rule, namely,
With cycle number accumulating, a lithium-ion battery degrades and the voltage and current curves in charging also change accordingly. Figure 8 depicts the variations of parameters , , , over battery capacity, respectively. Except , the other three parameters correlate strongly with battery capacity. Thus, it is natural to attempt to build a capacity prediction model considering the above correlations.
Due to lack of prior knowledge on the forms of capacity prediction model, a general tri-variate regression model is adopted, namely,
where 1 , 2 , ⋅ ⋅ ⋅ , 10 are the regression coefficients, which can be estimated by the least square method. However, a common problem of multiple regression is that not all of the variables are significant and necessary. Generally, statisticians utilize the stepwise regression method to select effective predictive variables. In each step, a variable is considered for addition (forward selection) or subtraction (backward elimination) from the set of explanatory variables based on F-tests or t-tests [19] . In this paper, the backward elimination algorithm is used to perform stepwise regression for (10) , and the results are shown in Figure 9 (supplied by the "stepwise" package in Matlab 2017(a)). The least RMSE corresponds to the optimal result in the stepwise regression and the blue points refer to the remaining variables. It can be found that the variables 2 and are invalid and should be removed. Then, the capacity prediction model reduces to . . Model Validation. The coefficients in (17) are estimated using the dataset of all the 4 batteries in the NASA test. To further demonstrate the model's prediction ability, the leave-one-out cross-validation (LOOCV) is conducted. In the LOOCV, we each time leave one battery out to perform capacity prediction by (17) and use the other three batteries' data to estimate regression function coefficients. The curves of measured and predicted capacity of the four batteries are given in Figure 10 , respectively.
In most cycles, the predicted capacity matches quite well with the measured value. Results indicate that the proposed model not only has high fitting accuracy, but also has strong forecasting ability. However, it should be noted that the prediction results of B0005 and B0006 in several early cycles (less than 15) are not accurate enough. This phenomenon may be explained by the internal discrepancy among different battery samples.
In-Orbit Residual Life Prediction
With the predicted capacity in each cycle, the in-orbit life prediction for satellite lithium-ion batteries can be realized. Unlike the offline life prediction, which focuses on the battery population's reliability evaluation, in-orbit prediction concerns more on the residual life of each individual battery. Reliability evaluation only reflects the average level of lifetime for a specified type of product. However, the degradation processes of individual items show some heterogeneity due to randomness in materials, manufactures, or environments [20] . As Figure 11 shows, the fitted degradation path of different units varies drastically, resulting in a significant difference in EOL. Thus, the key technique of RL prediction is to update each individual battery's degradation model timely with the accumulation of capacity fading measurement.
Under the Bayesian framework, the parameters in a degradation model can be divided into fixed effects and random effects. The former is assumed to be constant to capture the common degradation characteristics in a population, and the latter is randomly distributed to capture the item-totime variability. For the capacity fading model in (2), the drift parameter determines degradation rate and thus is always assumed to be the random effect which follows a normal distribution; namely, ( ) ∼ ( 0 , 2 0 ). The time transformation parameter and diffusion parameter , which determine the degradation path's shape and uncertainty, are always assumed to be fixed effects [21] . The hyperparameters 0 and 0 can be estimated by the MLE method with the A premise of RL prediction is to ensure that the object battery's capacity fading model approximates the actual degradation path, which can be realized by the Bayesian method. Let 1 , 2 , ⋅ ⋅ ⋅ , be the "capacity loss" in cycle 1, 2, ⋅ ⋅ ⋅ , . For an in-orbit battery, once new "capacity loss" is available, the posterior distribution of at cycle can be updated as follows:
where ( 1: | ) is the likelihood of degradation increment,
It is easy to prove that the posterior distribution ( | 1: ) also follows a normal distribution with mean and variance 2 , where
RL measures the length of time an in-orbit battery can work form the current cycle. At cycle , the residual life is defined as [22] = inf { | ( ) ≥ − } .
Motivated by [23] , the PDF of can be calculated as follows:
where Then, we can calculate the mean and 100(1 − )% CIs of RL to perform in-orbit lithium-ion battery RL prediction; namely,
where the superscripts "L" and "U" represent the confidence lower and upper limit, respectively. According to the failure criteria, only B0006's "capacity loss" reaches the threshold =30%. To illustrate the proposed method and demonstrate its effectiveness, B0006's data are utilized to perform RL prediction. The results are shown in Figure 12 . The drift parameter is updated every 10 cycles and the mean (red square) and 80% CIs of RL are calculated and plotted sequentially. Since the Bayesian updating procedure ensures the accuracy of B0006's capacity fading model, the actual RLs of B0006 fall within the ranges of 80% CIs and are close to the mean predictions in most cycles.
Conclusions
Lithium-ion battery is the core component of modern satellite power subsystem. Engineers often use useable capacity to measure a battery's degradation and aging. In this paper, a framework of satellite lithium-ion battery life prediction is developed, which is suitable for both the online and offline situations. In the offline stage, battery capacity is measured by the classic Ampere-hour integral method with the current data. A Wiener process with time transformation is used to model capacity fading over cycle number and to infer battery reliability function. The delta method is used to calculate the confidence intervals of reliability function and life indices.
In the online stage, we firstly propose an empirical regression model to realize accurate capacity prediction with the incomplete charge data, and then use the Bayesian method to perform capacity fading model updating and battery residual life prediction. The dataset of NASA lithium-ion battery test is used to validate these methods. Results show that the accuracy of both capacity prediction and RL prediction reaches an acceptable level, and the proposed approaches can be easily extended to other lithium-ion battery applications (like the EV) and even other types of secondary batteries.
Some limitations of this study lie in the following: (1) the sample size in NASA test is small; (2) there is no consideration of the effects of environmental stress like temperature and discharging current. In the future, we will further refine and validate the prediction model with more battery degradation data, from both additional ground tests and in-orbit telemetry.
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